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Abstract—Quality of service requirements for IP net-
works are becoming higher. Accordingly, managing, mea-
suring, and monitoring IP networks are also becoming
more important. In particular, for real-time communica-
tion, the quality of packet transmission (packet loss, delay,
and delay variation) needs to be carefully maintained. In
managing these performance parameters, active measure-
ments have been often used, and measured samples are
periodically evaluated statistically. Although performance
measurements are standardized by several organizations,
such as ITU-T and IETF, the length of the measurement
intervals have not been mentioned. In this paper, in order
to consider its appropriate length, we conduct periodogram
analysis of packet transmission delay and investigate its
stochastic characteristics in the frequency domain. After
considering long-range dependency and randomness aris-
ing in packet transmission delay, we develop a method to
determine the optimal measurement period for statistifi-
cation. We applied our method to measured samples in
an actual network and verified the effectiveness of our
method.

I. INTRODUCTION

In IP networks in the past, the main application
was transmission of large files, and as a result, the
principal performance measure was file transmission
time. Quality of each packet transmission (delay
and/or loss) was not an important concern because
network impairments for short intervals did not sig-
nificantly affect performance. Today, quasi-real-time
traffic, such as that associated with WWW pages,
and real-time traffic, such as transmission of voice
and/or video, are becoming popular in IP networks.
These applications are severely affected by packet-
level quality of service (QoS), and monitoring QoS
is therefore becoming important.

In conventional QoS management, resource uti-
lization of links and/or nodes is a major con-
cern. Collecting the actual data for these perfor-

mance measures is relatively easy and enables us
to recognize the occurrence of congestion and lo-
cate the cause of impairment. However, current
performance-aware applications require packet-level
QoS monitoring. For this purpose, active and end-
to-end measurements are often used to facilitate
more detailed resource management. Sampled delay
and loss statistics are usually used as performance
measures of packet-transmission quality. As ITU
and IETF pointed out, the average and variation of
packet transmission delay and packet loss rate are
strongly concerned with packet-transmission quality
[1], [2], [3], [4].

For active measurement, many packets are sent
sequentially and whether each packet is lost or not
is measured. Unless the packet is lost, transmission
delay is measured and periodically analyzed as
statistics. To this end, there are several important
parameters to be decided, such as the generation rate
and total number of probe packets as well as the unit
interval for statistical analysis. However, to the best
of the authors’ knowledge, no standardized methods
have been recommended. Of these important param-
eters, we focus on the length of a unit observation
interval for statistical analysis. We call this length a
statistification interval. So far, the length has been
determined according to the experience of network
managers and/or system-specific restrictions. How-
ever, the length plays a crucial role in balancing
the sensitivity of detecting impairment in networks
and the incurred traffic of probe packets. If it is set
too long, congestion and/or malfunctions will not be
detected promptly. If it is too short, the bandwidth
used for probe packets will affect the performance
of regular packets significantly because the number
of probe packets needs to be kept constant for each



statistification interval regardless of the length of the
interval.

Among different types of traffic, TCP and video
traffic is bursty and its volume has long-range de-
pendency [5], [6], [7], [8] and these stochastic char-
acteristics are known to degrade the performance of
networks [9], [10], [11], [12]. In those works, the
strength of long-range dependency in traffic volume
is estimated from long-haul traffic measurements.
As for packet transmission quality, loss and delay
are evaluated under the long-range dependent traffic
on condition that the network is in a steady state.
Packet delay measured in the Internet also has long-
range dependency in a steady state [13], [14], [15].
On the other hand, the short-range characteristics of
Internet traffic can be approximated by white noise
or the Poisson process [16], [17].

We describe a method to determine the length of a
statistification interval for monitoring based on peri-
odogram analysis and demonstrate its effectiveness
through numerical examples. First, we evaluate the
short-range characteristics of packet transmission
quality of Internet traffic using periodogram anal-
ysis and show randomness within short intervals.
Samples were collected using a network simulation
with TCP self-similar background traffic. Using the
short-range random characteristics of packet trans-
mission delay, we develop a method for finding the
optimal statistification interval.

The remainder of this paper is organized as
follows. In section II, we describe our simulation
model for collecting sample data. We conduct pe-
riodogram analysis to concretely demonstrate the
model’s usefulness. Section III shows the peri-
odogram analysis of packet transmission delay and
describes a method to determine the statistification
interval using the result of the analysis. We also
apply our method to the measured samples in an
actual network. In section IV, we show the numeri-
cal results and verify the feasibility of our method.
Section V concludes this paper.

II. SIMULATIONS

Our simulation model to collect sample data for
statistical analysis is shown in Fig. 1. Servers (S1-
S10) and clients (C1-C32) are connected via routers
(R1, R2). Each client downloads files from one
of the servers using TCP(Reno) as the transport

protocol. Traffic to clients is multiplexed at router
R1. When the sum of traffic rates sent from servers
is more than the bandwidth of the WAN, packets
are buffered into an FIFO queue at router R1. We
denote the bandwidth of WAN as B. Simulation
experiments were carried out using ns2, and the
performance of the model was monitored by active
measurement.

To generate self-similar traffic, the downloaded
file size, M , is assumed to be independent and
identically distributed in accordance with a Pareto
distribution with shape parameter α and location
parameter β, P[M < x] = 1 − (β/x)α. We use
α = 1.1 and set β so that E[M ] = m. For each
download, each client chooses a server randomly.
After the download, each client starts an idle pe-
riod, whose length is assumed to be exponentially
distributed in accordance with parameter λi, before
the next download. As λi increases, idle periods
become longer and WAN utilization decreases. In
the simulation results, we change WAN utilization
by changing λi. Local access delays to R1 and R2
are assumed to be 1 and 2 ms, respectively.
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Fig. 1. Network model

We measure ping round trip time (RTT) between
R2 and R1 and conduct periodogram analysis. The
ping packets are sent from R1 every 10 ms. The
major traffic is the downloading of files from servers
by clients. The primary factor that increases RTT is
the queueing delay at R1, and the variance of delay
on each of the other hops is almost negligible. We
use the RTT of ping measurements as the packet
transmission delay at R1.

Round trip time is shown as a time series in Fig.
2 for the case m = 1 Mbyte and B = 1 Gbps. The
utilization of the WAN is 16.1% when the idle time
is set properly. It is difficult to grasp the long-term
behavior of RTTs from the figure. Thus, we take
the average RTT for every 10 sec, obtaining 1000



samples in total, as shown in Fig. 3. Macroscopic
behavior of the RTTs, which is hard to identify in
Fig. 2, can be seen. Although we use 10 sec for
statistification, this may not be the best length.

Fig. 2. Packet transmission delays: raw data

Fig. 3. Packet transmission delays: averaged for every 10 sec

III. PERIODOGRAM ANALYSIS OF RTT

We conduct periodogram analysis of the mea-
sured RTT. Periodogram [18] analysis is often used
to estimate the Hurst parameter [11], [19], which is
a measure of the strength of long-range dependency.

A time series is defined to be long-range depen-
dent if Γ(ν), which is its spectrum density function
as a function of frequency ν of the set, has the
following property

Γ(ν) = c|ν|−α, ν → 0, (1)

where c denotes a constant and α represents the
strength of the long-range dependency expressed as
α = 2H−1 using the Hurst parameter H . Note that
−1 < α < 1 and long-range dependency is strong
when α is close to 1.

A periodogram of the RTT shown in Fig. 2 is
represented in Fig. 4. We apply a discrete Fourier
transform [20] to the measured delay data and show
it as a log-log plot with frequency on the x-axis
and relative power on the y-axis. Local polynomial

y=cx^(-1)

Fig. 4. Periodogram of measured RTT

regression (LOESS) and a line of y = cx−1 are
shown together. In the low-frequency range (ν →
0), the slope is almost −1 and strong long-range
dependency is seen. This trend changes when ν
is almost 1/8 (cycle length is 8 sec). When the
frequency is higher than this, the spectrum power
of the RTT remains almost constant, which means
power is almost constant at these frequencies and
the measured data exhibit randomness such as white
noise [21]. For proper network management, long-
term characteristics arising from long-range depen-
dency are more important to monitor than short-
range ones caused by randomness. For that purpose,
it is helpful to find an appropriate statistification
interval for on-line monitoring which aims for not
microscopic randomness but macroscopic change
arising in the performance measures of target traffic.
In the above example, an appropriate statistification
interval is 8 sec.

As shown in Fig. 5, the average and percentiles
of RTT are calculated using the statistification in-



terval and its original raw data is shown in Fig. 2.
Although macroscopic change is difficult to see in
Fig. 2, we can easily observe it in Fig. 5.
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Fig. 5. RTT with statistification

When traffic volume from R1 to R2 is more than
the available bandwidth, ping packet delay at R1
and RTT are expected to have a stronger correlation
with higher utilization of the WAN. A periodogram
of WAN downstream traffic volume (from R1 to
R2) is shown in Fig. 6. In the low-frequency range,
a slope near -1, which is a characteristic of long-
range dependency, is observed. In contrast to Fig.
4, the slope remains the same in the region where ν
is small. This means that, although packet transmis-
sion delay has the same characteristic as the traffic
intensity with respect to long-range dependency,
the short-range dependency of packet transmission
delay is different from that of the traffic intensity.
The short-range characteristics of Internet traffic

y=cx^(-1)

Fig. 6. Periodogram of WAN traffic intensity

can be approximated by white noise or the Poisson

process [16], [17].
Comparing Figs. 4 and 6, it is found that the

short-range dependency region is narrower in RTT
than that in traffic volume.
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Fig. 7. Statistification interval with various parameters

Here, we examine how the boundary cycle length
changes as simulation parameters, e.g., bandwidth
and file size, change. Statistification intervals with
various file sizes and bandwidths of the WAN are
shown in Fig. 7, where the statistification interval
ranges from 2 to 20 sec. When the utilization of a
WAN increases, the boundary cycle length becomes
longer. It is more clearly observed for a case where
either the bandwidth or the file size increases.

IV. APPLICATION TO ACTUAL NETWORK

We apply our analytical method to real RTT data
measured in an actual operating network including
an LAN gateway link to the Internet (Fig. 8). The
RTT was measured every second for two days.
Identifying a trend or sequential dependency in this
figure is difficult. The periodogram of the data in
Fig. 8 is shown in Fig. 9. A slope is observed
when the cycle length is longer than 10 min, and
there is long-range dependency. We can observe
relatively strong power when the cycle length is
5 min, which means the RTT changes periodically
with a 5-min interval. We also observe some peaks
at 1 and 3 min. When the length is shorter than 10
sec, the power does not change and we can observe
randomness. By calculating statistics every 10 sec,
we can smooth the random variation and recognize
the microscopic change with 1- or 3-min cycles. The
changes in the performance seem to be caused by
the effect of cyclic traffic for network management,



i.e., exchanging dynamic routing information, and
polling management information base (MIB), for
example, which was not taken into consideration in
our simulation experiments presented in section II.

Fig. 8. Measured RTT in an actual network

5min
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Fig. 9. Periodogram of measured RTT in actual network

The 5- and 60-min averages of RTT used in Fig. 8
are shown in Figs. 10 and 11, respectively. Although
we can see the fluctuation of performance in Fig. 10,
this is barely seen in Fig. 11 due to the smoothing
effect.

Using the method introduced in this paper, we
compare the relative power of each frequency factor.
The data used in this section was measured for
two days and the power was compared within that
period. If we measure for a longer duration, we
may not be able to observe long-range dependency
clearly because of daily or weekly fluctuation. In
this case, we focus only on randomness in short
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Fig. 10. 5-min average of RTT
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Fig. 11. 60-min average of RTT

intervals and use the maximum interval in which
we observe randomness.

V. CONCLUSION

When conducting active measurement of packet
transmission delay for network management, we
carry out statistical analysis periodically for proper
operation. We have proposed a method to deter-
mine the appropriate length of sample intervals for
statistification. Our method uses the periodogram
and analyzes the measured data in the frequency
domain. We have divided the frequency into two
parts: the longer range, which has characteristics
of long-range dependency, and the shorter range,
which exhibits the characteristics of white noise and
random fluctuation. By calculating statistics with
a statistification interval, it is possible to ignore
random fluctuation and grasp the characteristics of
long-range variation. We have analyzed the effect
of network parameters, e.g., utilization, bandwidth,



and file size of background traffic on performance
measures by simulation. Finally, we have applied
our method to an operating network and verified
the usefulness of our method. Moreover, we have
discussed the effect of periodic traffic on measured
data and presented how to circumvent its effect to
conduct proper performance measurement.
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